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Abstract: In the rehabilitation field, clinicians are continually struggling to assess improvements in
patients following interventions. In this paper, we propose an approach to use gait analysis based
on inertial motion capture (MoCap) to monitor individuals during rehabilitation. Gait is a cyclical
movement that generates a sufficiently large data sample in each capture session to statistically
compare two different sessions from a single patient. Using this crucial idea, 21 heterogeneous patients
with hemiplegic spasticity were assessed using gait analysis before and after receiving treatment
with botulinum toxin injections. Afterwards, the two sessions for each patient were compared using
the magnitude-based decision statistical method. Due to the challenge of classifying changes in
gait variables such as improvements or impairments, assessing each patient’s progress required
an interpretative process. After completing this process, we determined that 10 patients showed
overall improvement, five patients showed overall impairment, and six patients did not show any
overall change. Finally, the interpretation process was summarized by developing guidelines to
aid in future assessments. In this manner, our approach provides graphical information about the
patients’ progress to assess improvement following intervention and to support decision-making.
This research contributes to integrating MoCap-based gait analysis into rehabilitation.
Keywords: motion capture (MoCap); inertial measurement unit (IMU); clinical applicability; motion
data analysis; patient-specific; patient-level; spasticity; hemiparesis
1. Introduction
In the field of rehabilitation, clinicians continuously assess the improvement of patients to verify
that treatments or therapies are achieving satisfactory results. In this context, numerous treatments are
aimed at improving the ability to walk because this activity is essential to quality of life and personal
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autonomy. One clear example of this is the importance of rehabilitation treatments in the recovery of
an individual with hemiplegic spasticity following a stroke who experiences walking impairment [1–6].
Currently, assessing gait improvements after treatment is normally conducted through qualitative
techniques, either by observation or through interviews with the patient [7]. However, these existing
techniques could incorporate technology providing objective information regarding the patient’s
progress without requiring excessive time or advanced technological knowledge on the part of clinicians.
In this regard, gait analysis based on motion capture (MoCap) involves the measurement, analysis,
and interpretation of human locomotion [8]. In the rehabilitation field, the information this analysis
provides offers a wide variety of applications, including supporting decision-making for treatments
and interventions [9–14]. It can support decisions regarding changing; adjusting (e.g., dosage) or
discontinuing treatment [15]. Among the existing MoCap technologies, those based on inertial
measurement units (IMUs) have been gaining particular relevance because they do not require external
cameras and can be embedded into wearable technology [16,17].
Marin et al. [7] demonstrated that it is possible to integrate an IMU gait analysis test into
a rehabilitation service such as a medical test. In the same manner, Marin et al. [17] proposed
a gait analysis system based on IMUs free of magnetic disturbances, overcoming a limitation of this
technology. Additionally, they demonstrated that this technology was reproducible and that the
duration of the gait test was compatible with the daily practice of a rehabilitation service.
However, despite the great utility of clinical gait analysis [15,18] and the described advances, for its
complete integration into the clinical setting, this technology must still overcome various challenges.
One of these is the data analysis resulting from measuring an individual’s gait. Methods must be
developed to automatically and repeatedly process the generated spatiotemporal and kinematic
variables [8]. More specifically, it is necessary to standardize methods in order to compare the variables
generated in two different measurement sessions, between which the patient may have changed his or
her gait pattern. For example, this could happen before and after a treatment or intervention or at the
beginning of and during the rehabilitation process. Since this comparison of individual gait analysis
data is not yet standardized or automated, the time required for data processing, the need for highly
qualified professionals to interpret the results, and the handling of massive amounts of data hinder the
use of gait analysis as standard practice [8,11,16,19,20].
The comparison of gait variables from two different measurement sessions has been executed
among groups of patients in clinical trials studies. Such studies are widespread in clinical research,
and many of them have used gait analysis for this purpose [21–24]. This type of study selects
a homogeneous group of patients with a specific pathology and applies a pre- and post-treatment gait
test to compare the results between both measurements.
However, this study did not focus on assessing a group of patients. Instead, we deal with the
heterogeneity among rehabilitation patients in daily clinical practice. We face the challenge of assessing
each patient, comparing the data in one session with the corresponding data of the patient in another
session. Concerning this issue, little research has been conducted in biomedical studies [18].
In this regard, gait is a cyclical movement that generates a sufficiently large data sample in each
capture session to statistically compare two different sessions (i.e., pre-treatment and post-treatment
sessions) from a single patient. Using this essential feature, this paper illustrates how to assess
individuals undergoing rehabilitation using the MoCap gait analysis based on IMUs. For this purpose,
21 heterogeneous patients with hemiplegic spasticity were assessed before and after treatment with
botulinum toxin injections. To make the statistical comparisons between the two sessions, we used
the magnitude-based decision (MBD) method [25]. The information that these comparatives provide
can be useful in understanding the evolution of a patient between the two stages, but due to the
challenge of classifying changes in gait variables as improvements or impairments, it requires clinical
interpretation. Thus, using the information from the 21 individual assessments, we classified the
patients according to their overall progress. As a result of this process, we propose interpretation
guidelines to improve the applicability of this type of analysis in the clinical environment. This paper
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seeks to contribute to a data management option for gait analysis that could enhance the integration of
MoCap-based gait analysis into rehabilitation.
2. Materials and Methods
2.1. Study Design
Twenty-one patients with hemiplegic spasticity in their lower limbs underwent two MoCap gait
tests; the first took place a few minutes before treatment with botulinum toxin (pre-treatment), and the
second took place approximately one month later (post-treatment).
In the pre- and post-treatment measurement sessions, we instrumented the patient as shown in
Figure 1. Afterwards, he or she walked naturally for six meters in a straight line at a self-selected speed
and then turned around and walked back to the starting position multiple times. As we studied the
gait cycle, only strides in a straight line were considered for analysis, and turns, starts, and stops were
excluded. We measured 25 strides per patient per session.
Appl. Sci. 2020, 10, 8558 3 of 17 
comparatives provide can be useful in understanding the evolution of a patient between the two 
stages, but due to the challenge of classifying changes in gait variables as improvements or 
impairments, it requires clinical interpretation. Thus, using the information from the 21 individual 
assessments, we classified the patients according to their overall progress. As a result of this process, 
we propose interpretation guidelines to improve the applicability of this type of analysis in the 
clinical environment. This paper seeks to contribute to a data management option for gait analysis 
that could enhance the integration of MoCap-based gait analysis into rehabilitation. 
    
2.1. Study esign 
enty-one patients ith he iplegic spasticity in their lo er li bs un er ent t o o ap gait 
tests; the first took place a few minutes before treatment with botulinum toxin (pre-treatment), and 
the second took place approximately one month later (post-treatment). 
I  t e re- a  ost-treat e t eas re e t sessio s, e i str e te  t e atie t as s o  i  
Fig re 1. fter ards, he or she walked naturally for six meters in a straight line at a self-selecte  
speed a d then turned around and walked back to the starting position multiple times. As we studied 
the gait cycle, only strides in a straight line were consi ered for analysis, and turns, starts, and stops 
were excluded. We measured 25 strides per patient per session. 
 
Figure 1. Gait test in hospital. The sensor placement is shown on a patient with spasticity. 
2.2. Ethical Statement 
The study was conducted in accordance with the Declaration of Helsinki, and the protocol was 
approved by the Bioethics Committee of Aragón, Spain (N° 12/2018). A written informed consent 
was obtained from each participant. 
2.3. Technology and Instrumentation 
We used the Move Human Sensors MoCap system developed by the IDERGO Research Group, 
selecting the system’s MH-IMU configuration, which was recently described and assessed by Marin 
et al. [17]. This system is based on next-generation IMU (NGIMU) devices [26], which measure the 
rotations via signal processing in embedded sensors (accelerometers, gyroscopes, and 
magnetometers) and are placed on the body with elastic bands. In our experiment, we used the 
information from eight IMUs configured at 60 Hz (placed on the feet, calves, thighs, pelvis, and chest) 
. i i i l. e se s r l c t i ti i i i .
2.2. Ethical Statement
The study was conducted in accordance with the Declaration of Helsinki, and the protocol was
approved by the Bioethics Committee of Aragón, Spain (N◦ 12/2018). A written informed consent was
obtained from each participant.
2.3. Technology and Instrumentation
We used the Move Human Sensors MoCap system developed by the IDERGO Research
Group, selecting the system’s MH-IMU configuration, which was recently described and assessed
by Marin et al. [17]. This system is based on next-generation IMU (NGIMU) devices [26],
which measure the rotations via signal processing in embedded sensors (accelerometers, gyroscopes,
and magnetometers) and are placed on the body with elastic bands. In our experiment, we used the
information from eight IMUs configured at 60 Hz (placed on the feet, calves, thighs, pelvis, and chest)
to analyze the gait, as Marin et al. [17] described. Nevertheless, we placed the full-body configuration
(15 IMUs) on the participant for possible further investigation. This system incorporates an anatomical
calibration procedure that allows for the deactivation of the IMUs’ magnetometers, avoiding the
Appl. Sci. 2020, 10, 8558 4 of 18
adverse effects that disturbances in the magnetic field may cause. These magnetic disturbances are
expected when the participant moves along a few meters especially in a hospital environment, which
is filled with different equipment, wiring, and electromagnetic signals. Beyond this, the Move Human
Sensors MoCap system includes an algorithm that detects gait events from kinematic data without
additional instrumentation. These features justified the selection of this system and may favor the
applicability of this technology in the clinical environment.
2.4. Participants
The choice of neurological patients with hemiplegic spasticity provides a challenging environment
that enables the extrapolation of the results and methods to other patients with less severe physical
or cognitive conditions. Spasticity is a symptom that affects numerous patients. Its adverse effects
include pain, decreased mobility, contractures, and muscle spasms, which can interfere with daily
activities and sleep to a greater or lesser degree [27–29]. In this regard, the botulinum toxin treats focal
spasticity via muscle injection with a reversible paralytic action [27,30,31]. Although other treatments
for spasticity exist, the observed efficacy; required personalization for each patient (dose, muscles to be
inoculated, etc.); and widespread use justify the choice in this study.
We analyzed 21 heterogeneous patients (shown in Table 1), 11 women and 10 men (46 ± 16 y,
mean ± SD). They met the general inclusion criterion, which was that the disease allowed them to
walk autonomously. The sample of participants corresponds with the circumstances of patients who
receive rehabilitation services from public hospitals.
Table 1. Patient characteristics.
Patient Affected Side Gender Days Between Age Height (cm) AbdominalPerimeter (cm)
S001 L M 28 36 177 108
S002 R M 28 19 170 85
S003 R M 28 44 172 85
S004 R F 26 55 161 115
S005 L M 26 18 164 64
S006 R F 26 32 164 90
S007 L F 33 63 154 106
S008 L M 29 19 173 96
S009 R M 36 60 164 92
S010 R F 50 68 165 92
S011 R F 25 66 157 97
S012 R F 25 57 157 100
S013 R M 25 26 176 79
S014 R M 28 40 187 128
S015 L M 28 59 173 55
S016 L F 28 58 147 79
S017 L M 28 49 174 106
S018 L F 35 49 164 91
S019 R F 28 55 162 82
S020 L F 28 61 154 109
S021 L F 28 48 167 81
L: Left. R: Right. F: Female. M: Male.
2.5. Variables
We obtained the spatiotemporal and kinematic variables [8,32] shown in Table 2. Each variable,
except for GaitSpeed, was calculated for the pathological or affected side (A) and the non-affected or
healthy side (H).
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Table 2. Variables considered in the study.
Variable Description
Spatiotemporal Variables
StepLgth (cm) Distance between feet in thesagittal plane at initial contact
StepWdth (cm) Distance between feet in thefrontal plane at initial contact
FullSupp (%) Percentage of support throughoutthe stride length
Double.Supp (%) Percentage of bipedal supportthroughout the stride length
GaitSpeed (cm/s) Mean of the gait speed throughoutthe stride length
Kinematic
Variables (◦)
Pelvic.Tilt Range of Pelvic tilt
Hip.FlexExt Range of Hip flexo-extension
Hip.AbdAdd Range of Hip adduction-abduction
Knee.FlexExt Range of Knee flexo-extension
Ankle.FlexExt Range of Ankle flexo-extension
Ankle.InvEv Range of Ankle inversion-eversion
Chest.Tilt Range of chest tilt
Spatiotemporal Variables: Dimensions that depend on whole-body movement. Kinematic Variables: Dimensions
that depend on the movement of each body segment.
2.6. Magnitude-Based Decision (MBD) to Monitor Individuals with Gait Analysis
Concerning individual monitoring, the human gait is a repetitive cyclical movement; thus,
in a measurement session, a variable produces a multitude of samples (e.g., 25 samples of the StepLght
variable for Patient S001 in a measurement session). Therefore, to monitor an individual, it is possible
to compare two groups of measurements, namely the group of measurements from a pre-treatment
session (n1 samples, X1 mean, and SD1 standard deviation) and the group of measurements from
a post-treatment session (n2 samples, X2 mean, and SD2 standard deviation). Thus, according to
traditional statistical theory, this approach is a two-mean comparison of independent samples because
gait cycles, despite being obtained from the same patient, are not pair related.
Regarding the sample of strides recorded in each session, more strides would obviously provide
better statistical normality and better precision. However, it was necessary to balance the number
of steps to be recorded, the time that the test would take in the daily clinic, and the fatigue that
the test could cause in certain patients if they walked for a long time. Thus, we decided to record
25 strides per patient per session. We did this to satisfy the central limit theorem and especially
because Kribus-Shmiel et al. [33] ensured that 23 strides usually achieve statistical normality and
stability. As will be explained later in this sub-section, to prove that the stride sample was sufficient,
we calculated the power of each statistical comparison.
To conduct the comparison between the pre- and post-sessions, applying a student’s t-test of
the independent samples to each specific variable could be valid. Applying this test, a p-value lower
than 0.05 would indicate that a difference existed between the pre- and pot-sessions. Nevertheless,
as Amrhein et al. [34] stated, although it is currently accepted that an effect is significant if the
p-value does not exceed a value of 0.05, this generates a dichotomy that is far from reality. According
to the Nature Research Journal this statement about the p-value has been supported by more than
800 researchers [34]. Thus, to infer a conclusion, researchers must delve deeper into the results. For this
purpose, the magnitude-based inference method, which has recently been rebranded as the MBD
method, addresses this need by using a more realistic threshold than a p-value of 0.05. Information
about the MBD approach can be found in Excel spreadsheets, presentations, notes, and articles, all of
Appl. Sci. 2020, 10, 8558 6 of 18
which are available from sportsci.org [35]. The MBD method provides the probability that a change
(defined by the confidence interval of the difference, CIdif ) exceeds a specific threshold (−δ, +δ) selected
by researchers in accordance with their objectives [36,37].
This method is not exempt from controversy; thus, some authors support [38–41] and others
oppose [42,43] its application. However, we assumed this method to transmit a simple and interesting
idea, considering a change ‘relevant’ if it exceeds a specific threshold. This idea may not be applicable
in all fields but it makes sense in individual patient monitoring. The MBD method has, for example,
been applied to elite athletes (e.g., [44]). We found similarities between elite athletes and the patients
with spasticity because, in both cases, an individualized evaluation is required due to the uniqueness or
heterogeneity of each participant, and it is difficult to compare a participant with a reference database.
This idea has also been illustrated by de la Torre et al. [45], who applied MBD to the individual
evaluation of patients with vertiginous pathologies.
Therefore, the application of the MBD method requires facing the challenge of establishing
an adequate threshold δ. According to the MBD basis, the ideal or optimal solution would be to use
as the threshold δ the minimal important difference (MID) [46], the smallest worthwhile change [47],
the smallest clinically important value [37], or any other combination of the terms used in the literature
to identify changes that have clinical or practical relevance (i.e., changes that have an effect on quality
of life). Nevertheless, to the best of our knowledge, no one has proposed MID indexes for gait variables
resulting from a MoCap system for the same population or treatment. This would be a challenge
requiring in-depth further research beyond the scope of this study.
Thus, until further research provides these MID values, it will be reasonable to affirm that a change
is significant if it overcomes at least the errors inherent in the test. In this regard, it will not be known if
a change influenced a participant’s quality of life, but at least, it will be known that the change existed
and was not the result of a measurement error. This conclusion could be useful for clinicians, especially
if they combine it with the rest of the clinical information.
In this regard, Marin et al. [17] recently summarized the error sources of a gait analysis test in the
following groups: participant intrinsic variation, soft tissue movement, relative movement between
the device and skin, positioning, instrument accuracy, gait event detection, and anatomical calibration.
As shown in other studies [2,48–50], the magnitude of these errors in our experiment could be estimated
for each participant using Bland and Altman’s limits of agreement [51] (see Equation (1)). Using these
errors as threshold δ, the MBD method provides the probability that a change had been more than zero.
This is the probability that a patient had undergone ‘real’ changes. Reflections about the implication of
using this threshold δwill be explored in the Discussion section. In this manner, the threshold δwas
calculated using Equation (1):
δ = Z1−α/2
√








where Z1−α/2 is the value of the normal distribution at 1 − α/2 (as we stabilized a confidence level of 95%,
α was 0.05 and the Z1−α/2 value was 1.96),
√
2 accounts for errors between two measurements [51–54],
SEdif is the standard error of the difference between the means, n1 and n2 are the respective samples of
the pre- and post-tests, and SD1 and SD2 are the respective standard deviations of the pre- and post-tests.
Moving from the threshold δ, another important issue in individualized gait analysis monitoring
is that most of the changes in gait variables are not clearly either beneficial or harmful (see the
terminology used by Hopkins and Batterham [55]). An increment or decrement in the magnitude of
a specific gait variable could be beneficial for one patient but harmful for another. Spasticity causes
such alterations to gait that, even if a particular gait variable changes to a value closer to normal,
this will not necessarily indicate a beneficial change. In the rehabilitation process of patients with
spasticity, the goal is usually to develop, learn, or internalize a gait pattern that is as functional and
harmless as possible considering anthropometric, muscular, or cognitive conditions, regardless of the
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normality of the pattern itself [7,56–58]. Therefore, in an experiment like this one, it is necessary to
interpret the results for each patient independently.
For this reason, we used the ‘real’ changes provided by the MBD method to conduct a process
that we called biomechanical interpretation. Three researchers—J.M. (an engineer), I.S. (a medical
doctor), and E.M. (a medical doctor)—independently studied the same results (tables and graphs).
They only considered changes that were at least ‘very likely’ (>95% chance). Following a discussion of
their reflections and once a consensus had been reached, the conclusions for each patient were listed
in detail (see the Supplementary Materials). These researchers later classified the patients into the
following three groups: patients with overall improvement, those with overall impairment, and those
without overall change. Finally, based on the information acquired during the interpretation process,
the researchers wrote interpretation guidelines applicable to other assessments (see Section 4).
After outlining the decisions made in this study regarding the threshold δ and the interpretations
of the results, we will introduce how we compared the two groups of measurements using the MBD
approach. Hopkins [59] developed a spreadsheet to compare ‘means of two groups’. Based on this
spreadsheet, we developed a script applying the MBD method by using as input the threshold δ
selected by the researcher, and the measurements taken from the pre- and post-tests of one specific
patient. This script was developed using Vizard (6.2 version, WorldViz, Santa Barbara, CA, USA, 2020),
which is based on Python 2.7, and the Pandas and Matplotlib libraries. The sequence that this program
follows for a two-mean comparison begins with the calculation of the interval of the difference CIdif,
which defines the lower and upper limits (Li, Ls) of the change (Equation (2)) [59]:
CIdi f = tα, DoF SEdi f ; [Li, Ls] =
[

















Xdi f = X2 −X1. (4)
In Equation (2), tα,DoF is the value of the t distribution for a specific α selected by the researchers,
(we defined α as 0.05 to achieve a confidence level of 95%) and a specific degree of freedom (DoF),
which is computed with Equation (3) using Welch–Satterthwaite’s approximation [60], where n and SD
are the stride sample size and standard deviation, respectively; SEdif is calculated as explained with
Equation (1); and the difference between means (Xdif) is computed with Equation (4), where X2 is the
post-test mean, and X1 is the pre-test mean.
Exposed calculations assume independent samples, non-equal variances, and data that
have approximately normal distribution. This data normality assumption is based on work by
Kribus-Shmiel et al. [33], who ensured that statistical stability and normality could be achieved with
23 strides or more and that this number of cycles was sufficient to represent the mean behavior.
After δ and CIdif have been defined, it is possible to develop a graph for each variable, such as the
one in Figure 2, representing the threshold (−δ, +δ) and the t-distribution of the change between the
pre- and post-series. This representation facilitates analysis where the change falls in relation to the
threshold δ. To accomplish this analysis numerically, the percentage of the t area that falls within the
‘negative’ region (−∞, −δ), within the ‘trivial’ region (−δ, +δ), and within a ‘positive’ region (+δ, +∞)
must be computed. These areas are respectively labelled as follows: probabilities of negative change
(N), trivial change (T), and positive change (P) [37].
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The last step of our analysis was to examine whether the sample size of 25 strides was adequate.
As described at the beginning of this subsection, we decided to capture 25 strides per patient per
session because this number of strides seemed to be adequate according to the literature and provided
a reasonable test duration. In this sense, Equation (10) relates the sample size (n) of strides (i.e., 25) to the
threshold δ described; the statistical power (1 − β), which is the probability of detecting effects without
committing Type II errors (false negatives); the α selected, which is the probability of committing Type I








Equation (10) is a formula based on the normal distribution and is applied for the two mean
comparisons [62]. In this equation, Z1−α/2 is the value of the normal distribution at 1-α/2 (as we
stabilized a confidence level of 95%, αwas 0.05, and the Z1−α/2 value was 1.96), and Z1−β is the value of
the normal distribution at 1 − β (e.g., for a power of 80%, the Z1−β value would be 0.84).
Using this equation, we first calculated the power for each statistical comparison using the sample
of 25 strides for each variable, patient, and session. Second, from another perspective, we calculated the
sample size (n) needed if we fixed the power at 80%, which is the typical stabilized power in research.
3. Results
The results of this study involved 21 separate patient-level analyses. After the interpretation
of the MBD results of all the individual patients, it can be said that 10 patients showed overall
improvement, five patients showed overall impairment, and six patients did not show overall change.
In this section, we present one example of the patient-level analysis (Patient S014) in Table 3 and
Figure 3. The numerical results and biomechanical interpretation of all participants are presented as
Supplementary Materials in an Excel file.
Table 3. Results of one patient-level study, patient S014.
Variables Mean Pre (SD) Mean Post (SD) Xdif (CIdif ) ±δ N/T/P (%)
StepLgth.H (cm) 24.7 (6.0) 38.1 (3.1) 13.4 (2.4) 2.8 0/0/100
StepLgth.A (cm) 32.1 (4.1) 44.0 (2.9) 11.9 (1.8) 1.9 0/0/100
StepWdth.H (cm) 23.3 (2.5) 22.7 (2.2) −0.7 (1.2) 1.1 22/78/0
StepWdth.A (cm) 27.9 (2.8) 23.2 (1.5) −4.7 (1.1) 1.3 100/0/0
FullSupp.H (%) 66.8 (2.8) 60.6 (4.2) −6.2 (2.0) 1.3 100/0/0
FullSupp.A (%) 64.9 (4.7) 64.1 (2.2) −0.8 (1.8) 2.2 7/93/0
DoubleSupp.H (%) 32.0 (3.3) 24.0 (2.1) −8.0 (1.4) 1.5 100/0/0
DoubleSupp.A (%) 31.9 (3.3) 23.7 (1.8) −8.3 (1.3) 1.5 100/0/0
GaitSpeed (cm/s) 38.5 (4.4) 61.8 (11.2) 23.2 (4.9) 2.1 0/0/100
Pelvic.Tilt.H (◦) 5.9 (0.9) 3.4 (0.6) −2.5 (0.4) 0.4 100/0/0
Pelvic.Tilt.A (◦) 5.7 (0.8) 3.4 (0.7) −2.3 (0.4) 0.4 100/0/0
Hip.FlexExt.H (◦) 34.4 (1.8) 43.6 (1.5) 9.2 (0.9) 0.8 0/0/100
Hip.FlexExt.A (◦) 21.1 (4.5) 25.9 (2.1) 4.9 (1.7) 2.1 0/0/100
Hip.AbdAdd.H (◦) 10.8 (1.4) 8.5 (1.3) −2.2 (0.7) 0.6 100/0/0
Hip.AbdAdd.A (◦) 10.9 (2.4) 9.2 (0.9) −1.7 (0.9) 1.1 92/8/0
Knee.FlexExt.H (◦) 32.2 (4.8) 26.9 (4.1) −5.3 (2.3) 2.2 100/0/0
Knee.FlexExt.A (◦) 29.0 (6.0) 27.9 (2.1) −1.1 (2.2) 2.8 6/94/0
Ankle.FlexExt.H (◦) 6.9 (5.4) 7.7 (4.3) 0.8 (2.5) 2.5 1/91/9
Ankle.FlexExt.A (◦) 1.6 (1.1) 3.7 (0.8) 2.1 (0.5) 0.5 0/0/100
Ankle.InvEv.H (◦) 3.5 (1.8) 3.8 (2.0) 0.2 (1.0) 0.8 2/84/14
Ankle.InvEv.A (◦) 3.6 (1.3) 1.0 (0.9) −2.6 (0.6) 0.6 100/0/0
Chest.Tilt.H (◦) 2.8 (1.5) 1.9 (1.0) −0.9 (0.7) 0.7 68/32/0
Chest.Tilt.A (◦) 2.7 (1.3) 1.5 (1.1) −1.2 (0.6) 0.6 96/4/0
SD: Standard deviation. δ: MBD threshold. Xdif: difference of means. CIdif : Confidence interval of the differences
at a 95% confidence interval. A: pathological or affected side. H: healthy or non-affected side. N: Probabilities of
negative changes. T: Probabilities of trivial changes. P: Probabilities of positive changes.
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Figure 3. Patient-level analysis and confidence interval representation for Patient S014. Wide light 
grey bars: MBD threshold. Thin black bars: Confidence interval of the difference (CIdif).  
Table 3 includes the change between the pre- and post-series of the analyzed variables in one 
single patient (patient S014), the threshold δ, and the MBD numerical results (i.e., the N, T, and P 
values). Figure 3 uses the confidence interval representation (see terminology used in Figure 2) to 
show the information included in Table 3. The grey areas represent the threshold (-δ, +δ), and the 
black lines illustrate the change. The information showed in the right margin includes the probability 
of change (i.e., one of the values N, T, or P depending on the result) and the qualitative classifications 
of the change. 
The biomechanical interpretation of the results for Patient S014 (a 40-year-old man with the right 
side affected) demonstrates that the patient experienced an overall improvement, improving some 
key aspects of his gait pattern. 
• He increased the StepLgth of both legs (positive). 
• The percentage of Double.Supp of both legs decreased considerably. He can now spend more 
time in mono-pedal support. This could mean more confidence and security (positive). 
• He increased his GaitSpeed (positive). 
• He decreased his Pelvic.Tilt, resulting in lower energy cost and greater security (positive). 
• He increased the Hip.FlexExt of both legs. The asymmetry that already existed increased 
(negative). 



















































Figure 3. Patient-level analysis and confidence interval representation for Patient S014. Wide light grey
bars: MBD threshold. Thin black bars: Confidence interval of the difference (CIdif ).
Note that the N, T, and P terms shown in Table 3 were the result of the statistical comparison
using the MBD approach, and their meanings were included in F gure 2 and the related p ragraphs in
the previous section.
Table 3 includes the change between the pre- and post-seri s of the analyzed variables in one
single patient (p tie t S014), the threshold δ, and the MBD numerical results (i.e., the N, T, and P
v lues). Fig re 3 uses the confidence interval representation (see erminology us d in Figure 2) to
show th information includ d in able 3. The grey areas represent the threshold (−δ, +δ), and the
black lines illustrate the change. The information showed in the right margin includes the probability
of change (i.e., one of the values N, T, r P depending on the result) and th qualitative classifications
of the change.
Th biomechan cal interpretation of the results for Patient S014 (a 40-year-old man with the right
side affected) demonstrates that the patient experienced an overall improvement, improving some key
aspects of his gait pattern.
• He increased the StepLgth of both legs (positive).
• The percentage of Double.Supp of both legs decreased considerably. He can now spend more time
in mono-pedal support. This could mean more confidence and security (positive).
• He increased his GaitSpeed (positive).
• He decreased his Pelvic.Tilt, resulting in lower energy cost and greater security (positive).
• He increased the Hip.FlexExt of both legs. The asymmetry that already existed increased (negative).
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• He reduced the Hip.AbdAdd of both legs. He reduced the movement of the legs in the frontal
plane (positive).
The analysis conducted to verify the sample size (25 strides) can be found in the last two sheets
of the Excel file of the Supplementary Materials. The first sheet shows the power for each statistical
comparison (i.e., 23 variables compared in each of the 21 patients, producing 483 comparisons).
The second sheet shows the number of strides (sample size) that would be required to ensure a power
of 80%. The summary of these results shows that the mean power of the statistical comparisons was
89.8 ± 8.4%, and, fixing the power to 80%, the mean sample size required was 18 ± 6.5 strides.
4. Discussion
In this study, we present an approach based on the MBD method to monitor individuals using gait
analysis. This approach was applied to 21 heterogeneous patients with hemiplegic spasticity who had
received treatment with botulinum toxin. The results for each patient were interpreted considering
‘real’ changes (i.e., considering those changes that exceeded the threshold δ by degrees of ‘very likely’
or above (>95%) probability). Finally, the patients were classified according to their overall progress,
and 10 patients showed overall improvement, five patients showed overall impairment and six patients
did not show any overall change.
Generating objective information for each individual patient was crucial [63]. The MBD approach
provided useful, graphic information to improve the clinical decision-making process. When the
investigated population displays a wide range of mobilities and clinical statuses, the importance
of personalizing treatment and assessment become clear. These conclusions coincide with the
Marin et al. [7] statement, who ensured that individual gait analysis monitoring has key advantages in
daily clinical practice in the treatment of pathologies such as spasticity.
Comparing the approach here with others in the field, we did not find any other study that used
the idea of gait as a cyclical movement to analyze individual patients. This feature has generally been
applied only to average these cycles to achieve a more stable or representative cycle. However, we did
find other studies sharing the objective of assessing individuals [18]. For instance, studies by Cloete
and Scheffer [64], Bolink et al. [65], and Marin et al. [17] assessed MoCap systems to discover whether
they could adequately monitor patients, which was our intention as well.
It is important to highlight that the approach does not determine whether improvement or
impairment of a patient has occurred; that is the ultimate responsibility of a physician. The judgement
of a specialist is always necessary to evaluate the results of this method, and one cannot separate the
specialist from the method. The full name of the statistical method employed in this study, MBD,
includes the word ‘decisions’, but this does not imply that the method alone facilitates decision-making.
In addition, we found the technology based on wireless IMUs to be a valid alternative to the
gold-standard optical MoCap technology [66–70]. Although IMUs are slightly less accurate than
optical MoCap systems due to drift errors, they are more economical and portable, do not require
a camera infrastructure and do not present shadowing problems. Therefore, they are a suitable choice
in a hospital environment in which substantial limitations exist in terms of the dedicated spaces
required for optical systems [7,17].
On this subject, we highlight the operation of the MH-IMU system used in this study [17].
This instrumentation performed adequately in patients with hemiplegic spasticity. The deactivation of
the IMUs’ magnetometers had significant implications since it eliminated the need for a magnetically
controlled environment. Additionally, the algorithm that the system incorporates to detect gait events
performed adequately in the patients of our study, which was an important challenge due to the
random nature of their gait patterns.
It can be assured that the MBD approach is a more realistic method than null-hypothesis significance
tests [71], but it requires the making of important, logical decisions regarding the threshold δ during
the application process [37]. Our threshold δ comprised Bland and Altman’s limits of agreement [51].
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These limits depend on patient variability, which is one of the most important sources of error when
assessing changes in this population, and which make this method realistic.
The MBD approach requires the making of important, logical decisions regarding the threshold δ
during the application process [37]. We decided to use as threshold δ the Bland and Altman’s limits of
agreement [51]. These limits depend on patient variability, which is one of the most important sources
of error when assessing changes in this population. Spasticity affects muscle tone and motor skills and
induces considerable fluctuations in gait patterns [66,72]. Thus, this convention brought realism to
the data analysis, as it allowed for the personalization of the MBD process according to the specific
movement pattern of each individual patient.
Nevertheless, using the limits of agreement as threshold δ partially deviates from the nature of
the MBD method, which was created to calculate the probability that a change will have a practical
effect on an individual using MIDs. In addition, it could be said that our approach was closer to the
null-hypothesis significance test [37,71] which searches for non-zero (not null) changes. For this reason,
we do not consider the limits of agreement the definitive solution. Instead, we consider these limits to
be an instrument introducing the MBD method to assess individual patients. We hope that our study
will expand the debate regarding which threshold δ to use in gait analysis to assess an individual
patient’s changes.
An alternative option regarding threshold δ is to use the minimal detectable change (MDC).
This figure could be calculated by conducting a reliability study with a month between trials among
a group of patients with spasticity similar to the patient being studied [2,46,52,53]. Nevertheless,
there is a key difficulty in finding a homogeneous sample of patients such as these [15,63]. Furthermore,
this threshold δ shares limitations with the Bland and Altman’s limits of agreement used in this study,
since it is also used to seek non-zero (not null) changes but not for practical changes.
For this reason, we agree with Batterham and Hopkins [37] and Buchheit [47], who explained
that the optimal choice for the threshold δ is to use the MID value [46]. To the best of our knowledge,
no previous studies have calculated MID values of spatiotemporal or kinematic variables resulting
from a MoCap gait analysis system for patients with spasticity. MDI was calculated for the GaitSpeed
variable, and though this measure can be taken readily with a chronometer; it was examined in patients
experiencing stroke [72–74] or other pathologies [75] than the one in this study. Thus, we propose that
studies be conducted to calculate MID indexes for gait variables using anchor-based methods [76].
Determining MID values in this area is complex due to the aforementioned difficulty of finding
homogenous samples, as well as the numerous variables generated by a MoCap gait analysis system
and the combined biomechanical interpretation it requires. However, such complexity should not
hinder investigations to generate MID values for gait variables or for gait indexes that combine
them [77]. Studies of this kind would reinforce clinical decision-making and the individual analysis
approach described here.
As previously mentioned, based on the interpretation process, which is included as Supplementary
Materials, a series of interpretation guidelines to classify changes as either improvements or impairments
have been proposed. These guidelines are ordered from the most general, which affect all of the
variables, to the most variable-specific guidelines, as listed below:
• Improving symmetry is beneficial. A change is positive when the values for the healthy and
affected legs are closer in the second session [78].
• Increasing GaitSpeed is a highly positive change, as it is associated with functional
improvement [72–74].
• Decreasing the Pelvic.Tilt or Chest.Tilt is interpreted as a positive change, as it implies lower energy
cost and greater stability [56].
• Increasing the StepLgth is considered to be positive, except if it is due to uncontrolled or involuntary
movement [56] (noticeable when StepLgth presents high variability). In this regard, increasing the
StepLgth of the healthy leg is particularly positive. In the patients in this study, the StepLgth was
usually greater in the affected leg because the affected leg moves to its maximum range when the
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healthy leg supports the full body weight. Thus, increasing the StepLgth of the healthy leg means
that the affected leg is capable of supporting the full body weight over a more extended range.
• Decreasing the percentage of Double.Supp implies that the patient can spend more time in
mono-pedal support, which results in increased confidence and security.
• Reducing the Step.Wdth means reducing the base of support, which can be associated with
improvement in terms of stability and confidence [56]. However, it is necessary to check whether
the change is causing instabilities (i.e., increase in the Pelvic.Tilt or Chest.Tilt).
• Reducing the Ankle.InvEv is a positive change, as it can imply a reduction of the equinovarus foot
effect, which hemiplegic spasticity usually produces [27–29].
Notably, in some cases, it is impossible to determine the nature of one change in isolation. Instead,
it is necessary to consider a change in combination with other changes and with the increase or decrease
in variability. These guidelines were explored during the study of a limited and specific sample; thus,
we encourage improvements to them or the addition of more guidelines based on further research.
In addition to the proposed analysis and guidelines, we examined whether the samples (25 strides)
recorded per patient per session were sufficient. With this sample size, the statistical comparison
achieved a mean power of 89.8 ± 8.4%, indicating a high probability of detecting effects and avoiding
Type II errors (false negatives). Additionally, the 25 strides recorded were higher than the 18 ± 6.5
strides that would be necessary to achieve a power of 80%. Both of these conclusions affirmed that the
selected number of strides was reasonable.
In relation to these results, the number of statistical tests per patient was high (23 variables
were statistically compared for each patient), which increased the risk of making a Type I error
(see the section on multiple inferences in Hopkins [61]). As established in the Methods section,
this probability was 5%, since we defined a confidence level of 95%. This scenario suggested the
need for a more conservative approach to evaluating the statistical tests, such as the Bonferroni [79]
adjustment. However, we agreed with others (e.g., Perneger [80]) who have advised against using the
Bonferroni adjustment, instead asserting that each variable must be assessed in its own right. ‘Evidence
in data is what the data say—other considerations, such as how many other tests were performed,
are irrelevant’ [80], and the probability to commit an error with each inference must be assumed by the
data interpreter. In any event, the MBD approach does not prevent including such adjustments if they
are needed. To accomplish this, the α variable of the CIdif can be adjusted.
In light of the goal of this study, we must mention that in recent years, data management options
based on machine learning have been gaining special relevance. In gait analysis, machine learning
techniques are usually applied to classify types of gait, identify human physical activity, or detect gait
events [8,81,82]. In other healthcare fields, these techniques are also being used to monitor individual
characteristics [83,84]. Thus, future research could focus on feed machine learning models with the
results that our approach would provide. This could lend insight to both the exposed interpretation
process and to clinicians’ decisions.
In summary, the MBD approach to monitoring individuals allowed us to assess the progression
of 21 patients with hemiplegic spasticity. This approach necessitates thoughtful decisions, but it can
also provide a standardized, automated, realistic option for data processing. Furthermore, it could
be used in other gait analysis systems or even in other MoCap measures of repetitive movements
that yield datasets with each repetition (e.g., the range of movement assessment). We hope that this
approach will generate more efficient medical reports illustrating whether real changes have occurred
in an individual patient during rehabilitation.
5. Conclusions
In this article, we propose an approach to compare the IMU gait analysis data resulting from
two measurement sessions to monitor individuals in rehabilitation. The approach, which is based on
the MBD method, is applied to 21 patients with hemiplegic spasticity who received treatment with
botulinum toxin injections and who participated in two gait analysis sessions, spaced one month apart.
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After the interpretation of the MBD results of all the individual patients, 10 patients showed overall
improvement, five patients showed overall impairment, and six patients did not show overall change.
As a result of the interpretation process, we propose guidelines to classify changes in the measures of
gait as improvements or impairments, which can be used in future assessments. We conclude that our
data analysis approach could enhance the application of clinical gait analysis based on IMU technology
in rehabilitation. In addition, it has provided a useful, graphic tool for monitoring individuals and
supporting personalized treatment decisions. Finally, this approach may aid clinicians in daily clinical
practices, improving the rehabilitative process of patients with pathologies that affect gait biomechanics.
Supplementary Materials: The following are available online at http://www.mdpi.com/2076-3417/10/23/8558/s1,
Table S1: Results and interpretation. This file includes the results of the individual analysis made on 21 patients
and the results of the statistical power study.
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